Deformation analysis in general and strain analysis in particular using permanent GPS networks require proper analysis of time-series in which all functional effects are taken into consideration and all stochastic effects are captured using an appropriate noise model. This contribution addresses both issues when considering the strain parameters of a GPS network. Estimates of spatial correlation, time correlated noise, and multivariate power spectrum for daily position time-series of the Southern California Integrated GPS Network (SCIGN) stations collected between 1996 and 2011 are obtained. Significant signals with periods of 13.63 d and those related to the GPS draconitic year are identified in these time-series. We aim to assess the effect of a realistic noise model of the series on the uncertainties of the strain parameters including displacements, normal and shear strains, and rotations. For the SCIGN network considered, the following results are highlighted. Contrary to the common belief, the uncertainties of the displacements parameters become smaller when taking a realistic noise model into account. This however was not the case when assessing the noise characteristics of the normal and shear strain, and rotation parameters. The uncertainties increase nearly by a factor of two, in agreement to what is expected. Some of the significant deformation parameters of the white noise model become less significant in case of the realistic noise model.
I N T RO D U C T I O N
In addition to errors considered in processing raw GPS data, still some undesirable and to some extent unknown signals remain in the raw data which manifest themselves in the time-series of the processed observations. Because time-series observations, in geodynamic networks, have a variety of applications such as the estimation of strain parameters, one has to employ a realistic noise model for a reliable estimation of the parameters. It has always been a major concern of geodesists and geophysicists to obtain significant strains for explaining network displacements and rotations. In recent years, a number of scientists have been involved with the noise assessment of GPS time-series. The goal is to obtain a realistic noise model for the time-series and to evaluate its effects on the parameters of interest along with their uncertainties. Zhang et al. (1997) processed 19 months of continuous data gathered from 10 stations in south California using maximum likelihood with natural spectral indices. They found that a combination of flicker and white noise best characterizes the GPS position time-series. Similarly, Calais (1999) , Mao et al. (1999) and Williams et al. (2004) found that the best noise model suitable for GPS time-series is a combination of white noise and flicker. Also, high rate GPS time-series were shown to follow a similar pattern (Bock et al. 2000; Langbein & Bock 2004 ). In addition, several studies have shown the existence of random walk noise in geodetic data (Wyatt 1982 (Wyatt , 1989 Wyatt et al. 1989; Johnson & Agnew 2000; Caporali et al. 2003) . There are also research ongoing in which Gaussian noise processes have been identified and estimated in geodetic timeseries analysis (Olivares & Teferle 2013) . Another active field of research in permanent GPS networks is the strain analysis of deformation parameters (Caporali et al. 2003) .
Noise analysis of GPS time-series using least-squares variance component estimation (LS-VCE) was first performed by Amiri-Simkooei (2007) and Amiri-Simkooei et al. (2007) in which proper choice of both the functional and the stochastic models were the subject of discussion. In the functional model, a periodic pattern with a period of 351.4 d was found in GPS time-series using least-squares spectral analysis methods Ray et al. 2008; Griffiths & Ray 2013) . Using the w-test statistic-in the stochastic model-the best noise model was found to be a combination of white and flicker noise. Further the noise components were estimated by the LS-VCE. In the studies by Amiri-Simkooei (2009) , Amiri-Simkooei & Asgari (2012) and Amiri-Simkooei (2013) multivariate noise assessment and multivariate harmonic estimation methods have been applied to multiple GNSS data series.
The effect of realistic noise assessment of GPS position time-series on rate uncertainty has been extensively evaluated in many research papers. We may refer to Zhang et al. (1997) , Mao et al. (1999) , Williams et al. (2004) and Langbein (2012) most of which use the maximum likelihood estimation (MLE) method. There is however little known about its effect on the strain parameters. We need to consider the spatial and temporal noise assessment method using the multivariate analysis explained by Amiri-Simkooei (2009 . Based on these results, we then assess the strain parameters along with their precision description using a more realistic stochastic model. This contribution differs from the previous work in the sense that the noise characteristics of strain parameters are assessed from the strain analysis by means of a realistic noise model through multivariate LS-VCE. In particular, it is examined whether the statistical significance of strain parameters will change if the realistic noise model is used when estimating the unknown parameters.
Strain analysis of the Southern California Integrated GPS Network (SCIGN) is the subject of discussion in the present contribution. It is relevant to briefly review some of the previous work on this network. Hudnut et al. (2001) focused on the fundamental scientific and observational goals of the SCIGN. The interseismic station velocities as well as coseismic positional jumps and post-seismic transient deformations, recorded by SCIGN, provide a unique type of information that enables a wide range of quantitative geophysical modelling. Nikolaidis (2002) used continuous position measurements from GPS to observe motions geodetically in SCIGN. All their parameters were estimated with full white noise plus flicker noise components. Tiampo (2004) showed that the decomposition of the SCIGN data, based on their underlying correlations, into their spatial eigenvectors and associated temporal signature, can separate out the regionally correlated seasonal signal from those seasonal signals with smaller spatial scales, and allows one to model them separately from each other and from smaller tectonic deformation. Becker et al. (2005) studied the constraints on fault slip rates of SCIGN from GPS velocity and stress inversions. They found that some regions are already fairly well constrained by geodesy, and where there is not enough GPS data, other evidence such as stress from focal mechanisms can be used. Langbein (2008) used 236 continuously recording GPS receivers operating in Southern California and Southern Nevada for evaluation of noise models that characterize their temporal correlations. He found that sites that are installed within the regions of active pumping had the largest standard errors in velocity and comparison of monument stability, as measured by standard error in rate, with average, annual rainfall nearby indicates a marginally significant correlation.
This paper is organized as follows. Section 2 determines the stochastic model through the LS-VCE and the functional model through the least-squares harmonic estimation (LS-HE). Both univariate and multivariate formulations are briefly reviewed. The restricted maximum likelihood estimation (RMLE) principle is then introduced, which can identify the appropriate noise model. Using LS-HE one can identify and hence include appropriate harmonics into the functional part of the model. LS-VCE is used to obtain the temporal and spatial correlation of the series. Section 3 reviews the strain analysis using the finite element method. It then explains the strategy to extract the displacement and deformation parameters along with their uncertainties using a more realistic stochastic model. Section 4 applies the above algorithm to the SCIGN time-series and interprets the results. The effect of a more realistic model on its deformation parameters is of particular interest. Finally, Section 5 provides some conclusions.
F U N C T I O N A L A N D S T O C H A S T I C M O D E L I D E N T I F I C AT I O N

Stochastic model
The identification and estimation of noise components is an important step in the GPS position time-series. This will be achieved by the LS-VCE.
Concept of noise in time-series
A common statistical model applicable for many types of geophysical signals is explained by a power-law process (Agnew 1992; Williams 2003a) . The behaviour of this stochastic process is such that its power spectrum is of the form
where f is the temporal frequency, k is the spectral index, and f 0 and P 0 are normalizing constants (Mandelbrot & Van Ness 1968) . Three special cases of this statistical model occur at integer numbers, that is k = 0 for classic white noise, k = −1 for flicker noise, and k = −2 for Brownian motion (random walk) noise (Mandelbrot 1983; Agnew 1992) .
LS-VCE
LS-VCE was first developed by Teunissen & Knickmeyer (1988) and later extended and applied to many GPS applications by Amiri-Simkooei (2007 , 2009 , Amiri-Simkooei et al. (2007) and Teunissen & Amiri-Simkooei (2008) . Consider the linear model of observation equations with p number of unknown variance and/or covariance components
where E and D represent the expectation and dispersion operators, respectively, y is the m-vector of observations, x is the n-vector of unknown parameters in the functional model, and A is the m × n design matrix. The covariance matrix Q y is an unknown linear combination of known m × m cofactor matrices Q k , and Q 0 is the known part of the stochastic model (if available). The variance and covariance components σ k , k = 1, . . . , p, are to be estimated. The least-squares estimator for the p-vector σ of the variance-covariance components iŝ
where the p × p matrix N and the p-vector l are obtained as
and
where k, l = 1, 2, . . . ., p andê = P ⊥ A y is the least-squares residuals, with P
y an orthogonal projector. The inverse of the normal matrix N automatically provides the covariance matrix of the estimated variance-covariance components, that is Qσ = N −1 . To implement this method, we first consider initial values for the variance-covariance components (σ . . . , p) . Based on these initial values, Q y , P ⊥ A , and are calculated and hence N and l are obtained by eqs (4) and (5), respectively. A new update for the (co)variance components is provided by eq. (3). They are then considered the improved values for the elements of. The procedure is repeated until the estimated values do not change by further iterations.
Restricted maximum likelihood
Restricted maximum likelihood (REML) is also employed to identify the appropriate noise model of the time-series. The REML estimation principle can also be used to estimate the variance-covariance components only when the observable distribution function is known (Bartlett 1937; Patterson & Thompson 1971; Harville 1977; Koch 1986; Moghtased-Azar et al. 2014) . For the normal distribution, one has
The model of observation equations in eqs (2) and (6) can equivalently be presented by the conditioned equations as
where
and B is an m × (m − n) matrix that spans the null space of the transpose of A, that is B = null(A T ). For the REML, the following log likelihood function is to be maximized (Amiri-Simkooei 2007)
The maximum likelihood over three stochastic models, namely white noise, white plus flicker noise, and white plus random walk noise, is used to find the appropriate noise model. Under the normality assumption, the above maximization problem produces identical variance and covariance component estimates as the LS-VCE (Amiri-Simkooei 2007).
Multivariate noise analysis
A comparable amount of coloured noise (among stations) can reflect a common physical bias. Williams et al. (2004) and Amiri-Simkooei (2009 presented spatial correlation as a function of angular distance. Reduction of flicker and white noise from general analysis to local analysis showed that some noises are spatially correlated. To consider the temporal and spatial correlation of the GPS position time-series a multivariate noise assessment technique is to be used (Williams et al. 2004; Amiri-Simkooei 2009) . The observation equations of a multivariate model are 
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To estimate the covariance matrix of the estimates, the matrix is needed. Because this matrix is also likely unknown, one has to use an estimate using the following equation (Teunissen & Amiri-Simkooei 2008; Amiri-Simkooei 2009) :
The unknown factors s in eq. (12) 
where tr denotes the trace of a matrix.
Functional model
The aim here is to create the correct relationship between the observations and unknown parameters. A realistic functional model for the GPS time-series observations consists of a linear regression model plus a series of harmonic functions. The functional model should also take into consideration possible offsets of the time-series (Williams 2003b; Gazeaux et al. 2013) . For the data sets used in this contribution, we have used the LS-HE to form a mathematical model and used the power spectrum to obtain harmonics related to these time-series. Prior to the analysis possible offsets of the series have been identified and the series have been corrected for them. Therefore we do not include them again in the functional model.
LS-HE
We use the LS-HE to identify unmodelled periodic patterns in the functional model (Amiri-Simkooei 2007). Let us consider the observation equations as E(y) = Ax, where y = [y 1 , y 2 , . . . , y m ] t is the m-vector of the time-series observations, A is the m × n design matrix, and x is the n-vector of unknown parameters. In addition to the linear trend in Ax, one may include a few trigonometric functions to the functional model:
In this case the linear model is to be modified as
where A k includes two columns for the frequency ω k of the sinusoidal function
and a k , b k , and ω k are real (un)known numbers. If ω k is unknown, the problem would be to find it using LS-HE for which we refer to Amiri-Simkooei et al. (2007) . To obtain the frequencies ω k , use is made of the following expression:
where A j has the same structure as matrix A k in eq. (17) (just replace ω k by ω j ), andê 0 = P ⊥ A y is the m-vector of the least-squares residuals. The values expressed in eq. (18) are the spectral values, a terminology introduced in the Fourier spectral analysis (Priestley 1981) . They are unitless quantities if the proper covariance matrix Q y is used in this equation. A plot of these spectral values versus a set of discrete values for ω j is used as a tool to investigate the contribution of different frequencies in the construction of the original time-series. Therefore, we compute the spectral values for different discrete frequencies using eq. (18). The frequency at which the spectrum achieves its maximum value is the frequency ω k of the periodic pattern.
Multivariate harmonic estimation
When there exist several time-series observation (r ) with equal design matrix A and covariance matrix Q y , the model is referred to as a multivariate model. For a multivariate model, eq. (16) 
A Y , the least-squares residuals of r groups. The power spectrum given in eq. (21) is referred to as multivariate power spectrum which uses all the time-series and takes into account the cross correlation among the series through and time correlation through Q.
STRAIN ANALYSIS
Estimation of strain parameters
GPS permanent networks can be applied to plate tectonics studies in order to estimate the strain parameters. There are a few methods for this purpose. Here use is made of the gradient of the displacement vector. Before using this method, we need to apply triangulation to the coordinates to assess time-series in smaller elements. Trilateral pyramids or tetrahedrons are extracted by Delaunay triangulation (Mulchrone 2003) . After using the Delaunay method to triangulate the time-series in three dimensions, we have tetrahedrons (elements) whose vertexes are coordinates of the stations and then we use these elements in the 'finite element' method which shows how a body reacts to real world forces (Caendish et al. 1985) .
Deformation and displacement of a co-ordinational component can be explained as (Malvern 1969 )
where u represents the current position of the point and du represents changes that the point experiences during a specified time period. The changes include displacements and deformations. In eq. (22) ε represents the network's strains and ω represents the rotation components in the three dimensions. A more complete version of the above formula for each coordinate component is as follows:
where i represents station (point) number, the zero index represents components related to the gravity centre of each created component, u 0 x represents the displacement of the gravity centre along x-axis, dx i0 = x i − x 0 is the x coordinate difference between point i and the gravity centre of its element, ε xx is the normal strain element along x-axis, ε xy is cross-section strain along the horizontal plane, and ω represents the rotation parameters along the three coordinate planes. For the sake of simplicity, the above equations can be rewritten in a matrix form as (Malvern 1969) :
The above set of equations should be used to estimate all displacement, strain and rotation parameters. The observations of the above system are the displacements at a set of discrete points. These displacements are in fact the site velocity (rate) of the permanent GPS stations per unit year. The rates are estimated through the least-squares linear regression fit to each of the individual components of the GPS position time-series incorporating parameters for all harmonics identified using LS-HE. If the design matrix of the linear regression is of the form A = [1t cos(2π t) sin(2π t) cos(4π t) sin(4π t)], indicating that the second column of the design matrix belongs to the site velocity, the observations in eq. (24) are in fact the unknown site velocities which are obtained as the second row of the estimated unknown matrix
, where, k is the total number of GPS stations. We need in addition the covariance matrix of the above site velocities, which is given by:
where the Q matrix is composed of two noise components as Q = s 1 I + s 2 Q f , estimated using the multivariate noise assessment; a special case may consider the simplest case of white noise as Q = s 1 I . There are three equations for each point (eq. 24). Therefore the total number at Universidade Federal do Rio de Janeiro on February 8, 2016
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Realistic assessment of strain parameters
Realistic estimation of strain parameters along with a proper noise assessment of the estimated parameters is of high importance for interpretation of many geophysical studies. For a trilateral pyramid, 12 equations of types eq. (24) corresponding to the 4 points of the pyramid is written in the following linear system of equations: −dy
The above system of equations can be written as y u = A u x u , where the design matrix A u is a regular square matrix. The least-squares estimate of the strain parameters isx u = (A
u y u . The covariance matrix of the estimated parameters is given by
u . The estimated parametersx u are usually compared with their standard deviations, that is with the square root of diagonal entries of Qx u .We need a parameter that can explain the statistical significance of the estimated parameters. This parameter is defined as the ratio of the estimated parameter to its standard deviation, which is called the signal-to-noise ratio (SNR). If this ratio is close to one the estimated parameter is not statistically significant. In this contribution we show how different noise models (e.g. white noise versus white noise plus flicker noise) of GPS position time-series can affect the SNR of the strain parameters.
R E S U LT S A N D D I S C U S S I O N S
Data set
A data set from the SCIGN consisting of 17 stations is used. Fig. 1 provides a map of the area selected in this contribution. Table 1 lists a few general characteristics of this network. We apply the above-mentioned theoretical parts to the GPS time-series, and present and discuss the results. Fig. 2 shows the three coordinate components of a typical station, along with its best least-squares fit.
The GPS time-series used were processed by the Scripps Orbit and Permanent Array Center (SOPAC). They use GAMIT for GPS data processing and there is an archive for the SCIGN, and they are responsible about the analysis centre and a data retrieval facility. GPS time-series from 1996 to 2011 were used; they were however adopted for some post-processing such as outlier removal and offset detection.
Multivariate noise assessment of GPS time-series
In this section, in addition to considering the functional model of section two, three stochastic models are used. They include (I) white noise model, (II) white and flicker noise model and (III) white and random-walk noise model. The results indicate that the realistic noise model associated with this network is model II in agreement with the previous work of Zhang et al. (1997) , Calais (1999) , Mao et al. (1999) , Williams et al. (2004) , Amiri-Simkooei et al. (2007) and Amiri-Simkooei (2009 . Tables of results for The off-diagonal elements of these matrices represent the covariance (of white and/or flicker noise component) among the time-series. Fig. 3 gives the amplitudes of the white and flicker noise components for each of the stations. In general, the amplitudes of the up component are larger than the other two components by at least a factor of 2. The precision of the north component is slightly better than the east component. These observations are in agreement with the previous work on similar time-series data sets. Denoting = σ i j , i, j = 1, . . . , r the correlation coefficients among different time-series are obtained from the elements of as ρ i j = σ i j / (σ ii σ j j ), where σ i j are the off-diagonal elements (covariances) of and σ ii and σ j j are the diagonal elements (variances) of . There are in total r (r − 1)/2 = 136 correlation coefficients for each coordinate component. Fig. 4 provides the correlation coefficients among the series versus the distance between the stations. The spatial correlations of individual components are significant over short distances. The maximum correlations have been obtained between the nearest sites, confirming that the noise has a common physical basis. Among the components, the spatial correlation of N and E components is higher than those of U component. Significant correlation of individual components has already been reported by Williams et al. (2004) and Amiri-Simkooei (2009 . There are a number of sources for spatial correlations in GPS position time-series. Two important reasons are the following. The correlations are usually high over short distances because GPS stations observe the same satellites. Other spatial correlations may stem from the tectonic/geodynamic signals. It is rather difficult to separate these two effects from the analysis of the time-series.
Multivariate harmonic analysis of time-series
To understand what kinds of harmonics are present in the time-series of the SCIGN network, use is made of the multivariate LS-HE of Section 2 (Amiri-Simkooei 2013). Eq. (21) is now used to obtain the multivariate power spectrum (Fig. 5) King & Watson (2010) , Santamaría-Gómez et al. (2011) and Amiri-Simkooei (2013) . The multivariate spectrum shows also signal with period of 13.63 d, which is also in agreement with previous work (Fig. 5) . 
Analysis of deformation parameters
In this section the strain parameters along with their uncertainties are calculated using an appropriate noise model. Here, the site velocities are treated as the observations (i.e. deformation) used in the strain analysis (Fig. 6) . The graph on the left shows the site velocities of the California network in the three dimensional planes and the graph on the right illustrates their Delaunay triangulations. In general, the network displacements occur in one direction on the horizontal plane. The average site velocities along with their uncertainties for the north, east and up components are, 8.802, -22.856 and -0.525 (mm yr -1 ), respectively. Therefore, the velocity vectors can largely be explained as a displacement on the horizontal surface rather than the deformation. However the differential displacements (deviation from the average displacement of the network) can be interpreted as deformation.
We now consider the effect of a more realistic noise model of the time-series on the displacement/deformation parameters. We study the normalized deformation parameters. The deformation parameters are normalized such that the ratio of the parameter to its standard deviation is the SNR. The SNR is introduced because the deformation parameters in plate tectonics studies can be considered to be (undesired) signal. SNR is a measure used in many science and engineering disciplines that compares the level of a (un)desired signal to the level of background noise. It is defined as the ratio of the signal power to the noise power. Therefore SNR, as a normalized quantity, can in principle answer the question as to whether the deformation parameters have meaningful geophysical information.
Two kinds of standard deviations are calculated for the deformation parameters, one based on the pure white noise model (simple stochastic model), and one based on the combination of white noise and flicker noise (more realistic stochastic model). This results in two kinds of SNR for the deformation parameters. Three kinds of parameters (from the 12) are evaluated in the following. To have more investigation, we selected another case study, which has no serious active deformation. Northwestern part of Iranian Permanent GPS Stations (IPGS) called Azerbaijan Continuous GPS Stations (ACGS) was selected to repeat the assessment and show new results to confirm the SCIGN's results in the Supplementary Material of this contribution.
Normalized displacement parameters
The displacement parameters along the north, east and up components are illustrated in Fig. 7 . The first impression is that the displacement parameters are quite significant because the SNRs are large numbers indicating that the uncertainties of the displacement parameters are significantly smaller than the displacements themselves. When taking the more realistic stochastic model (white plus flicker noise model), the uncertainties increase for the up components, resulting in smaller SNRs for the displacement parameter. This is in agreement with the previous work that the pure white noise model provides too optimistic results for the rate uncertainties. However, this situation is not valid for the horizontal (north and east) components. When taking the correct covariance matrix of the time-series, the SNR values increase (and correspondingly their uncertainties decrease) by factors of 2 and 4 for the east and north components, respectively. Strictly speaking, this is not what we would expect. At this stage we cannot make a concrete statement on why such results can be expected. Perhaps one reason is the uniform displacement of the network in the horizontal plane. It could also be due to the spatial correlation, which is correctly specified in the stochastic model. In this case because we look for a displacement plus strain and rotation, the SNR increases as it can separate the strains, rotations and displacements correctly. Therefore we ignored the spatial correlation as = I to evaluate its effect on the displacements SNR. The results are presented in Fig. 8 , which indicate that SNR decreases for the displacements when spatial correlation is ignored. A more realistic stochastic model (including both temporal and spatial correlation) further highlights that the horizontal displacement of the network can be more reliably estimated than the vertical displacement using the available GPS position time-series of the SCIGN network. This is what we would expect because GPS provides poorer precision in the vertical than the horizontal components.
Similar analysis can be found for the ACGS in the supporting information.
Normalized strain parameters
The normalized normal and shear strain parameters for the SCIGN network are shown in Figs 9 and 10, respectively. A few observations are highlighted. First, the strain parameters are not as significant as the displacement parameters because their corresponding SNRs are smaller. The average normalized normal strain values are 4.36, 8.61 and 4.30 (white noise model), and 2.72, 6.11 and 2.34 (more realistic noise model) for the east, north and up components, respectively. The average normalized shear strain values are 5.46, 4.50 and 3.73 (white noise model) and 3.62, 2.32 and 1.83 (more realistic noise model) in the EN, EU, NU planes, respectively. We note that the normalized normal strain along the north component is larger than those of the east and up components. When taking the realistic stochastic model (white plus flicker noise model), the uncertainties of all strain (normal and shear) parameters increase. This results in smaller SNRs for the strain parameters in case of the realistic model than the white noise model. This is in agreement with the previous work that the pure white noise model provides too optimistic results for the uncertainties of the parameters. We note that some of the significant strain parameters of the white noise model become less significant in case of the realistic noise model. The results of these two parameters when ignoring the spatial correlation as = I can be found in the supplementary document. Similar analysis can be found for the ACGS in the supporting information.
Normalized rotation parameters
The normalized rotation parameters are shown in Fig. 11 . It is noted, again, that the rotation parameters are not as significant as the displacement parameters. This indicates that much of the deformation of the SCIGN network is expressed as the constant displacement rather than strain and/or rotation. The average rotation values are 9.71, 3.90 and 5.84 (white noise model), and 5.01, 2.14 and 3.09 (white plus flicker noise model) for the east, north and up components, respectively. Therefore the rotation parameters of the north components are relatively smaller than those of the other two components. Again, when taking a more realistic stochastic model (white plus flicker noise model), the uncertainties of all rotation parameters increase. This results in smaller SNRs for the rotation parameters in case of the realistic model than the white noise model. The results of this parameter when ignoring the spatial correlation as = I can be found in the supplementary document.
The results for the ACGS network can accordingly be compared in the supporting information.
Geophysical impact of normalized parameters
To investigate the effect of the normalized strain parameters on geophysical interpretation we may recall the statistics theory on the significance of the estimated parameters. To have a statistically significant parameter, one has to compare the parameter with its standard deviation. This SNR is then an indication for the significance of the estimated strain parameters. For example considering an approximate 95 per cent confidence interval to test the significance of the estimated strain parameters, roughly speaking, for those strain parameters whose SNRs belong to the interval from -2 to 2 are not statistically significant. Our results show that this interval strongly depends on the noise model of the series, either the white noise model or the white plus flicker noise model. Some results are now presented.
Figs 12 and 13 show scatter plots of the normalized strain and normalized rotation parameters. In these figures, red areas indicate those having an insignificant strain parameter. As observed, when taking a realistic stochastic model, the statistical significance of the strain parameters is lost in larger areas. Therefore, the SNRs obtained from the realistic stochastic model are appropriate measures to properly study the geophysical interpretation of the strain parameters.
C O N C L U S I O N S
Time-series from 17 long-serving sites from the SCIGN network were analysed using an appropriate and more realistic noise model to estimate deformation parameters. Noise characteristics of the multiple time-series were assessed by LS-VCE. The results obtained are summarized as follows. The realistic noise model was found to be a combination of white noise and flicker noise, in agreement with the previous work; confirmed also using the REML method. Spatial correlation, time correlated noise, and power spectra of the series were estimated using a multivariate noise assessment and harmonic estimation technique. The results indicated that the GPS position time-series are significantly temporarily and spatially correlated. For signal detection, in the multivariate analysis, we aimed to improve the detection power of the common-mode signals in a least-squares sense by including the time-and space-correlated noise into the least-squares power spectrum. Signals with periods of 13.63 d and those related to the GPS draconitic were identified using the multivariate analysis. We highlight that proper plate tectonics studies using GPS position time-series require an appropriate functional model, in which all deterministic effects are modelled, and a realistic stochastic model, in which all noise components are estimated. The ultimate goal of the GPS position time-series studies is to discriminate between the functional and the stochastic effects. Both effects are relevant and were addressed in this contribution. Functional effects such as a linear trend, offsets, and potential periodicities can be well explained by a deterministic model. The remaining unmodelled effects can best be described by a stochastic model. The significant spatial and temporal correlation of the series will seriously affect the interpretation of many geophysical phenomenastrain parameters for instance. Strain analysis is a purely geometric tool for analysing the deformation of a geodynamics network. Strain describes only the relative displacements of the points such that the overall translations (e.g. displacements) of the network do not affect strain. The correct knowledge on strain parameters provides a proper description of geodynamic processes such as fault strain accumulation, an important parameter for seismic hazard assessment. Therefore proper strain analysis can partly be completed through taking the uncertainties of the deformation parameters into consideration. GPS position time-series have been shown to consist of white and flicker noise. Therefore proper analysis of deformation parameters requires such a more realistic stochastic model. We assessed the effect of a more realistic noise model of the series on the uncertainties of the strain parameters including displacements, normal and shear strains, and rotations. For the SCIGN network considered, contrary to the common belief, the uncertainties of the displacements parameters became smaller when taking a realistic noise model into account, which was due to the proper inclusion of the significant spatial correlation of the series. This however at Universidade Federal do Rio de Janeiro on February 8, 2016
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